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SCALABLE FEATURE CLASSIFICATION a local DEM , and geo - referenced shapes having been gen 
FOR LASER SCANNING DATA AND erated by automatically thresholding the local DEM by 
DIGITAL ELEVATION MODELS means of an extremum analysis of a “ number of contours " 

histogram according to an embodiment of the present inven 
FIELD OF THE INVENTION 5 tion ; 

FIG . 4 is a diagram illustrating the local DEM having 
The present invention relates to analysis of three - dimen been cropped and normalized by minimum bounding boxes 

sional ( 3D ) data , and more particularly , to scalable feature derived from the geo - referenced shapes and manual anno 
classification for 3D point cloud data such as laser scanning , tations from subject matter experts , and geo - spatially tagged 
e.g. , LiDAR data , and digital elevation models . 10 labels from the subject matter experts having been linked to 

the cropped DEM according to an embodiment of the 
BACKGROUND OF THE INVENTION present invention ; 

FIG . 5 is a diagram illustrating the local DEM having 
Airborne laser scanning tools such as LiDAR ( light been normalized according to an embodiment of the present 

detection and ranging ) imaging are emerging as a measure- 15 invention ; 
ment modality for exploration . For instance , LiDAR mea FIG . 6 is a diagram illustrating a number of training 
surements can be used to survey a large geographic area to images having been multiplied by W widen operations 
identify landmarks , objects , artifacts , etc. of interest . according to an embodiment of the present invention ; 

There is an increased availability of digital elevation FIG . 7 is a diagram illustrating the process to increase the 
models ( DEMs ) due to the launch of synthetic aperture radar 20 number of training images by M rotations according to an 
( SAR ) satellites such as the European Space Agency's embodiment of the present invention ; 
Sentinel - 1 . SAR is a type of radar that can be used , among FIG . 8 is a diagram illustrating exemplary methodology 
others , to create two - dimensional topographical images . for machine - learning model training and operation accord 

Existing practices are generally centered around the visual ing to an embodiment of the present invention ; 
inspection of DEMs by subject matter experts for the 25 FIG . 9 is a diagram illustrating a scalable implementation 
detection of objects of interest , such as archeological struc of the present techniques for rasterizing 3D point cloud data , 
tures . For instance , the image processing techniques such as and machine - learning model training and operation accord 
hill shading can be used to accentuate artifacts of interest . ing to an embodiment of the present invention ; and 
Hill shading is a gray shaded relief map used to indicate FIG . 10 is a diagram illustrating an exemplary apparatus 
relative contours such as hills , slopes , etc. However , visual 30 that can be employed in carrying out one or more of the 
inspection of ( noisy ) LiDAR or SAR measurements are a ) present techniques according to an embodiment of the 
error prone and not consistent and b ) time consuming . present invention . 

Therefore , improved techniques for exploration using 
LiDAR and SAR measurement data would be desirable . DETAILED DESCRIPTION OF PREFERRED 

EMBODIMENTS 
SUMMARY OF THE INVENTION 

Provided herein are techniques for scalable feature clas 
The present invention provides scalable feature classifi sification for three - dimensional ( 3D ) point cloud data such 

cation for three - dimensional ( 3D ) point cloud data . In one as laser scanning , e.g. , LiDAR data , and digital elevation 
aspect of the invention , a method for rasterizing 3D point 40 models . The present techniques can be implemented in a 
cloud data is provided . The method includes : obtaining the wide variety of applications . For instance , as highlighted 
3D point cloud data ; generating a digital elevation model above , airborne laser scanning tools such as LiDAR ( light 
( DEM ) from the 3D point cloud data ; decomposing the detection and ranging ) imaging are used to survey geo 
DEM into local and global fluctuations to obtain a local graphic areas in order to detect areas of interest . One 
DEM ; generating geo - referenced shapes by automatically 45 example would be in the context of archeological explora 
thresholding the local DEM ; cropping the local DEM using tion , researchers can use the laser scanning data to identify 
minimum bounding boxes derived from the geo - referenced geographical areas of interest in order to locate man - made 
shapes and manual annotations from subject matter experts structures such as ancient buildings , which might be located 
to create a cropped DEM ; and linking geo - spatially tagged beneath a cover of vegetation . Other types of landscapes can 
labels from the subject matter experts to the cropped DEM . 50 be similarly analyzed , such as modern urban areas . 
Supervised learning can then be applied to the cropped local Furthermore , the present techniques can be more gener 
DEM imagery . ally applied to the analysis of any 3D data with elevation 
A more complete understanding of the present invention , information . For instance , laser scanning data or , e.g. , scan 

as well as further features and advantages of the present ning tunneling microscope data obtained of electronic 
invention , will be obtained by reference to the following 55 devices can be analyzed by the present system to identify 
detailed description and drawings . components ( e.g. , chip , processor , transistor , etc. ) of interest . 

Thus , the applications are vast and should not be construed 
BRIEF DESCRIPTION OF THE DRAWINGS as being limited to those provided in the below examples . 

As will be described in detail below , the present tech 
FIG . 1 is a diagram illustrating exemplary methodology 60 niques involve in a first stage performing semi - automated 

for rasterizing three - dimensional ( 3D ) point cloud data filtering of 3D point cloud data such as , e.g. , from LiDAR 
according to an embodiment of the present invention ; measurements , using expert knowledge to identify areas of 
FIG . 2 is a diagram illustrating a digital elevation model interest . Geo - referenced shapes are automatically generated 

( DEM ) having been generated from the 3D point cloud data using digital elevation models ( DEMs ) . These shapes are 
according to an embodiment of the present invention ; 65 equivalent to contour lines , i.e. , lines of constant elevation . 
FIG . 3 is a diagram illustrating the DEM having been By " geo - referenced ” it is meant that the shapes are associ 

decomposed into the local and global fluctuations to obtain ated with locations in the physical space . “ Subject matter 

35 
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experts " can then filter these geo - referenced shapes based on According to one non - limiting example , the 3D point 
their own domain knowledge . By “ subject matter experts , " cloud date is obtained in step 102 using an airborne laser 
it is meant that a person having expertise in the areas of scanning tool such as LiDAR . Airborne laser scanning of 
interest can analyze the geo - referenced shapes and identify forested areas can penetrate the vegetation canopies allow 
areas of interest . For instance , in the context of archeological 5 ing the underlying terrain elevation to be accurately mod 
exploration , archeologists familiar with a particular forested eled . See , for example , Doneus et al . , “ Archeological 
area can identify ancient structures for mapping human prospection of forested areas using full - waveform airborne 
artifacts . Similarly , knowledge from crowdsourced statistics laser scanning , ” Journal of Archeological Science 35 ( April 
on buildings in an urban space can be gleaned using appli 2008 ) , pps . 882-893 , the contents of which are incorporated 
cations such as OpenStreetMap which contains a vast 10 by reference as if fully set forth herein . For example , as an 

airplane with LiDAR flies over a geographical area , the amount of volunteered geographic information . On a smaller LiDAR projects a laser onto the ground and counts the scale , chip designers can provide knowledge on electronic reflection it gets back ( i.e. , returns ) . For forested areas , device architecture . leaves are semi - reflective , while areas such as bodies of In a second stage , supervised , geo - spatial ( deep ) machine 15 water are fully absorbing . A plain surface such as a rooftop 
learning is then performed whereby , based on the geo can be ( almost ) fully reflective . Thus , by analyzing time 
referenced shapes from above , ( normalized ) images of - flight of the laser , these different aspects of the terrain can 
bounded by a minimum bounding box are constructed to be discerned . See , for example , FIG . 2 . 
train an ensemble of ( deep learning ) classifiers such as a Referring to FIG . 2 , the raw LiDAR measurements 202 
collection of deep convolutional neural networks . Domain 20 ( obtained in step 102 of methodology 100 ) are shown 
knowledge from the subject matter experts is fed into this representing ( geo - referenced ) elevation data X. = ( x , y , z ) 
supervised learning procedure . By way of example only , big ( potentially including multiple returns j = 0 , 1 , ... ) of both 
geo - spatial data technologies like PAIRS available from ground structures as well as other structures , e.g. , foliage 
International Business Machines Corporation ( hereinafter ( Trees ) . Of interest is the return that goes the deepest as this 
“ IBM PAIRS ” ) and Apache SparkTM SQL ( hereinafter 25 represents the Ground measurements , and all other measure 
“ Spark SQL ” ) can be employed for this task . IBM PAIRS is ments ( such as those pertaining to Trees ) can be removed . 
a platform specifically designed for massive geospatial Specifically , the last return measurements are considered to 
temporal data , query and analytics services . Spark SQL is a be originating from the ground structures , X , X = ( x , y , 
tool that can be used to query structured data using struc Z ; o ) with 2 , < Zqj , Vi , j < j ' . 
tured query language ( SQL ) . However , the last return measurements are not always 

Third , scalable geo - spatial object detection can then be well determined , e.g. , due to presence of non - reflective 
performed in an unknown terrain . For instance , semi - auto surfaces in the environment . Consequently , point measure 
mated filtering of 3D point cloud data ( as described in first ments are irregularly spaced in the lattice of coordinates 
stage above ) is applied to the unknown terrain to massively ( x , y ) . Accordingly , interpolations of X ,, e.g. , using nearest 
reduce the spatial area to be investigated . Application of the 35 neighbors , is used to convert the X , to a regular grid X 
classifier trained in the second stage ( see above ) is then used ( x , y ) , a ( global ) DEM 204 of the Ground ( as per step 104 
to perform automated geo - spatial object detection for , e.g. , of methodology 100 ) . 
map generation . The result is injected back into a big This approach does not filter outliers , because there exist 
geo - spatial data store such as IBM PAIRS . series Zij where the last return value Zio does not represent 
FIG . 1 illustrates an exemplary methodology 100 for 40 bare ground . Instead , as described in conjunction with the 

rasterizing 3D point cloud data in accordance with the description of FIG . 3 below , the present processing pipeline 
present techniques . Advantageously , representations are applies a threshold A , that cuts off those peaks . To improve 
generated that are both a ) insensitive to global terrain and the image quality one could apply classical image filters as , 
which are b ) normalized for consumption by machine learn e.g. , a linear Gaussian or a non - linear Median filter . For 
ing algorithms for , e.g. , classification . 45 computational scalability , the simplified strategy of taking 
By “ rasterizing ” we refer to the following process : Given Zio has the benefit of increased speed as compared to more 

the fact that the 3D point cloud includes a set of irregular elaborate DEM generation techniques . 
points not necessarily commensurate with , e.g. , a regular Referring back to methodology 100 of FIG . 1 , in step 106 
grid of points in 3D , in a first step the 3D data is filtered such DEM is decomposed into “ local ” and “ global ” fluctuations 
that the associated elevation data can be projected to two 50 by means of , e.g. , a Fourier transform , to obtain a local 
dimensions ( 2D ) , e.g. , the geo - referenced space of latitude DEM , and in step 108 geo - referenced shapes are generated 
and longitude coordinates . Thereafter , this potentially still by automatically thresholding the local DEM by means of an 
irregular points in 2D with associated , unique elevation extremum analysis of a “ number of contours ” histogram . 
values get interpolated into a surface that has values at grid Namely , the overall terrain structure is less important 
points regularly spaced in 2D . For example , the lower left 55 since what is of interest is the local terrain . For example , in 
corner of the grid could be ( latitude , longitude ) = ( 50.4 ° , the context of archeological exploration one is only inter 
-90 ° ) and the pixel resolution in latitude and longitude ested in the local terrain ( e.g. , a hillside ) containing the 
direction be 0.1 ° and 0.3 ° , respectively . Then , the neighbor object ( s ) of interest ( e.g. , a human artifact such as a wall 
ing point East is ( 50.4 ° , -89.7 ° ) , the one South ( 50.3 ° , -90 ° ) , located on the hillside ) . As such , the global terrain is 
the one North - West ( 50.5 ° , 90.3 ° ) , etc. 60 removed from the measurements by removing the low 

In step 102 , the 3D point cloud data is obtained . Accord frequency data . See FIG . 3 . 
ing to an exemplary embodiment , in step 102 the 3D point Referring to FIG . 3 , local structure is obtained by sub 
cloud data is ingested and indexed into the IBM PAIRS tracting a ) the mean of the neighborhood patch from each 
technology employing Spark SQL . In step 104 , a digital grid point on the DEM ( see plot 302 ) or b ) apply a high pass 
elevation model ( DEM ) is generated by ( binary ) classifica- 65 filter to the ( two - dimensional ) Fourier transform of X ( x , y ) 
tion of the 3D point cloud data into “ bare ground ” and ( see plot 304 ) . The result , ? ( x , y ) ( see plots 306 and 308 , 
“ above bare ground . ” respectively ) is referred to herein as the “ local DEM ” ( as per 



on T = { Ck 
N 

mean 

= N2 ? 

US 10,839,264 B2 
5 6 

step 106 of methodology 100 ) . The notions local and neigh positive result , i.e. , “ classified as house ” as in features 404 . 
borhood are defined by the application's context . For However , in instances where there is no overlap between an 
example , if one aims to detect wall or house - like structures , MBB 312 and MA 402 , then the outcome is a negative 
then the length scale is on the order of meters . result , i.e. , " classified as not house ” as in features 406. The 

Given a threshold Ao , the process determines a specific set 5 geo - spatially tagged labels from the MAs 402 ( e.g. , wall , 
of contours , also referred to as “ geo - referenced shapes ” in house , etc. ) are linked to the cropped DEM ( as per step 112 
this disclosure ( see details above ) , C = { C : X ( x , y ) = A . } 311 of methodology 100 ) . This process for classifying the MBBs 
( used as a basis for the statistics " number of contours ” 312 will be referenced in later embodiments as process P2 . 
histogram 310 , by way of example ) , which gets further As shown in FIG . 5 , the feature vector the present process 
reduced based their hierarchy : 10 supplies to a deep learning algorithm is constructed from an 
CANCO = CCCVCEC } from which minimum affine transformation fn ( 1 ) of the Iz ( x , y ) to the space N = 
bounding boxes ( MBB ) 312 R = { R : A ( R ) s N n ( 0 , N ] xN N ( 0 , N ] , i.e. , an image with aspect ratio 1 and 
A ( R ) VR > CET } are derived where Rx defines a rectangle a number of \ N ? I = N2 pixels : I - J = { Ik.is + ( fx ( 1x ) ) E 
and A ( Rx ) its area ( as per step 108 of methodology 100 ) . 15 Nx ? } . Normalization is then applied to each Jk.ij such that 
This process for obtaining the MBBs 312 will be referenced the normalized images have vanishing 
in later embodiments as process Pl . ( Jx ) -0 . ( . ) denotes averaging over image pixels , i.e. , 

The threshold A. can be chosen , e.g. , empirically to 
locally or globally optimize the number of contours . See , for 
example , plot 314 with the threshold ( arbitrary units ) vs. 20 
number of contours . It is notable that the characteristics of 
the MBBs Rt such as , e.g. , area A ( R ) , aspect ratio , circum 
ference , number of contours contained for given A0 , A ( Cb ) / 
A ( Rz ) , etc. can be used as a ) filter criteria and b ) features to This process for normalizing the local DEM will be refer 
be fed into machine learning algorithms . 25 enced in later embodiments as process P4 . 

Referring back to methodology 100 of FIG . 1 , in step 110 In order to a ) increase the number 1 I | of images for 
the local DEM is cropped and normalized by the ( almost ) training and b ) to take into account the feature's geo - spatial 
MBBs 312 derived from the geo - referenced shapes that were context , the number of elements in the set R are multiplied 
previously defined and manual annotations from subject matter experts , and in step 112 geo - spatially tagged labels 30 by expanding each R , ER to include the surroundings of Rx 
from the subject matter experts are linked to the cropped up to a distance d , denoted by Rd . See FIG . 6. To this end , 
DEM . See FIG . 4 . A ( R2 ) gets enlarged by an outward parallel shift of the 

boundary faces OR by a distance d . This process for mul Namely , the MBBS R are used to crop Â ( x , y ) to obtain tiplying the number of training images by W widen opera 
the image set I = { Iz ( x , y ) : Â ( x , y ) CR , VR , ER } ( as per step 35 tions will be referenced in later embodiments as process P3 . 
110 of methodology 100 ) . As shown in FIG . 4 , a ( binary ) Another multiplication factor of 4 is achieved by rotating 
feature classification function h ( Y ) defined that returns 1 each J ' , according to : 
( True ) for Y contains a feature , e.g. , a wall or a house , and 
0 ( False ) for feature not present . A set of manual annotations 
( MAs ) 402 from subject matter experts , e.g. , archeologists , 40 
are considered that identify and geo - reference ancient struc 
tures by field surveys : n = { H , : h ( Hx ) = 1 } . Thus , Y is a set of 
( geo - referenced ) polygons ( e.g. , the MBBs 312 and manual 
annotations ( MAS ) 402 ) . It is notable however that the Jx present techniques easily extended beyond binary classifi- 45 
cation . where JK corresponds to a given IL , " that got cropped from 

In order to classify the elements of J we particularly use a widened MBB R ' . See FIG . 7. This process for multi 
h ( Rx ) = 1 if A ( R_NH ) / A ( Rx ) za , and A ( R_NH ) / A ( Hz ) > 22 . plying the number of training images by M rotations will be 
Elsewise , h ( Rz ) returns False . R is the MBB corresponding referenced in later embodiments as process P5 . 
to the image Ize , and Hx references any manual annotation 50 The cropped DEM with geo - spatially tagged labels can 
( MA ) H , En with RtNH + 0 . Reformulated in plain text , the then be supplied to a deep learning algorithm such as an 
parameters a , and a control the notion of " overlap . ” In artificial neural network ( ANN ) , or any other classification 
particular , ay is a threshold for the fraction of the overlap algorithm such as , e.g. , support vector machines , for 
area of the MBB and MA vs. the area of the MBB . And az machine learning model training , and use of the trained 
is a threshold for the fraction of the overlap area of the MBB 55 model for geo - spatial object detection in an unknown ter 
and the MA vs. the area of the MA . By enforcing both rain . In machine learning and cognitive science , artificial 
thresholds to be passed in order to classify the MBB as neural networks ( ANNs ) are a family of statistical learning 
house , wall , etc. , it is ensured that MA and MBB “ suffi models inspired by the biological neural networks of ani 
ciently ” overlap on the one hand , and that in the case where mals , and in particular the brain . ANNs may be used to 
one contains the other , they are comparable in size , on the 60 estimate or approximate systems and cognitive functions 
other hand . In practice one “ symmetrizes ” the relation by that depend on a large number of inputs and weights of the 
setting a = a2 = a = const . = 0.8 , i.e. , roughly speaking , the over connections which are generally unknown . 
lap of the MBB and the MA needs to be at least 80 % . ANNs are often embodied as so - called “ neuromorphic ” 

Thus , as shown in FIG . 4 several different outcomes are systems of interconnected processor elements that act as 
anticipated . For instance , in instances where an MBB 312 65 simulated “ neurons ” that exchange “ messages ” between 
and MA 402 overlap , where an MBB 312 covers an MA 402 , each other in the form of electronic signals . Similar to the 
or where an MA 402 covers an MBB 312 , the outcome is a so - called “ plasticity ” of synaptic neurotransmitter connec 

do el kali Jki 
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d2 = JkN - ji JK . d 

Skij 235JX.N - in - 1 " , 



rbt 

10 ? k K 

15 

20 

US 10,839,264 B2 
7 8 

tions that carry messages between biological neurons , the The q models DL # 1 , DL # 2 , DL #q take Jk as input 
connections in ANNs that carry electronic messages and return scores s ; Sk , 1 , Sk , 29 · Sky ( see step 816 ) in a given 
between simulated neurons are provided with numeric interval , say [ 0 , 1 ] , that represents the confidence of Jk 
weights that correspond to the strength or weakness of a containing the feature ( such as , e.g. , wall , house , etc. ) . For 
given connection . The weights can be adjusted and tuned 5 fixed k these values can be integrated ( see step 818 ) over to 
based on experience , making ANNs adaptive to inputs and a value by different means such as , e.g. , 
capable of learning . For example , an ANN for handwriting 
recognition is defined by a set of input neurons which may 
be activated by the pixels of an input image . After being { sk i = l ... " weighted and transformed by a function determined by the = ( sk ) . ? 
network's designer , the activations of these input neurons 
are then passed to other downstream neurons , which are 
often referred to as " hidden " neurons . This process is Finally , a fixed threshold E [ 0 , 1 ] ( see step 820 ) is used to 
repeated until an output neuron is activated . The activated perform the ( binary ) classification of Jk according to 
output neuron determines which character was read . Ekso = Falsex ( not feature ) and Ex > = Truez ( feature ) . 

Instead of utilizing the traditional digital model of A scalable implementation of the present techniques is 
manipulating zeros and ones , ANNs create connections now described by way of reference to methodology 900 of 
between processing elements that are substantially the func FIG . 9. In FIG . 9 , the flow of data for model training is 
tional equivalent of the core system functionality that is depicted using solid arrows , and the flow of data for model 
being estimated or approximated . For example , IBM's SyN reference is depicted using dashed arrows . 
apse computer chip is the central component of an electronic As described above , a 3D point cloud data is obtained , neuromorphic machine that attempts to provide similar e.g. , using LiDAR , and ingested into the IBM PAIRS 
form , function and architecture to the mammalian brain . technology employing Spark SQL . See step 902. From this Although the IBM SyNapse computer chip uses the same 25 data , a DEM is generated by ( binary ) classification of the 3D basic transistor components as conventional computer chips , point cloud data into “ bare ground ” and “ above bare its transistors are configured to mimic the behavior of ground , ” i.e. , “ not bare ground . ” See step 904 . neurons and their synapse connections . The IBM SyNapse Alternatively , the DEM might be obtained by means of computer chip processes information using a network of just remote sensing technology , such as , e.g. , SAR — an active over one million simulated " neurons , ” which communicate 30 remote sensing technique employing radar to send out and with one another using electrical spikes similar to the receive back electro - magnetic radiation for probing the synaptic communications between biological neurons . The Earth's surface . In particular , the European Space Agency IBM SyNapse architecture includes a configuration of pro launched the satellite “ Sentinel - 1A ” in April 2014 to con cessors ( i.e. , simulated “ neurons ” ) that read a memory ( i.e. , tinuously collect data up to date . Several preprocessed a simulated “ synapse ” ) and perform simple operations . The 35 products exist such as e.g. “ Ground Range Detected ” ( GRD , communications between these processors , which are typi https://sentinel.esa.int/web/sentinel/user-guides/sentinel-1 cally located in different cores , are performed by on - chip sar / product - types - processing levels / level - 1 ) that can be network routers . directly be used as DEM for the present techniques . Of An exemplary methodology 800 for model training and course , the corresponding preprocessing steps can be per operation is provided in FIG . 8. As shown in FIG . 8 , the 40 formed directly in the IBM PAIRS Big Data ecosystem as process begins in step 802 with a local DEM ? ( x , y ) of a well leveraging , e.g. , Apache Spark . Yet another source for given geo - spatial region ( obtained as described in detail a DEM to illustrate potential data sources is , e.g. , scanning 
above ) . In step 804 , MBBs R are obtained as detailed in tunneling microscope measurements from nano - scale struc 
process P1 , described above . In step 806 , the MBBS R are tures of electronic devices . 
classified according to process P2 described above , such that The DEM is then decomposed into “ local ” and “ global ” 

fluctuations by means of , e.g. , a Fourier transform ( see step RERUR 906 ) , to obtain a local DEM ( see step 908 ) . Notably , the data 
R = is split into a training and test / operation data set : R * classified as “ not bare ground ” can be used for vegetation 

modeling ( see step 910 ) , such as to determine the vegetation and R in steps 808 and 810 , respectively , such that 50 height ( see step 910a ) , the vegetation stability ( see step 
R URE = R , R ZUR ; = R- . While the classified 910b ) , etc. By way of example , " vegetation stability ” is the 
MBBs for operation are transformed into images Jk by notion of assigning numerical quantities to ( LiDAR ) point 
process P4 , described above , only the number of training cloud data representing vegetation such as Trees . Based on 
images get multiplied by W widen operations P3 ( see step the distribution of the point cloud data one might infer and 
812 ) , and m rotations P5 as described above in addition 55 learn models ( e.g. , using ANNs ) to rate the stability of such 
( denoted by JxCwm ) with w = 1 , ... , W and m = 1 , ... , M ) . Trees regarding , e.g. , impact by weather in order to rate the 
Given the set of all Jam ) , it is randomly partitioned into probability that Trees get dislocated during events of storms . 

two subsets , q number of times . One subset of each q Geo - referenced ( i.e. , geo - spatial ) shapes are generated 
partition gets discarded , and the other one is used to train a ( see step 912 ) by automatically thresholding the local DEM 
model ( DL ) such as , e.g. , a fully connected fe deeply learnt 60 ( from step 908 ) by means of an extremum analysis of a 
VGG network ( see step 814 ) , a specific implementation of “ number of contours ” histogram . As shown in FIG . 9 , this 
a convolutional neural network ( cf. Simonyan et al . , “ Very thresholding involves automatically optimizing the thresh 
Deep Convolutional Networks for Large - Scale Image Rec old for a particular test area based on the number of 
ognition , ” ICLR April 2015 ( 14 pages ) arXiv : 1409.1556 , geo - spatial contour lines . For instance , after the local DEM 
https://arxiv.org/abs/1409.1556 , the contents of which are 65 has been generated , an initially arbitrary threshold Delta 
incorporated by reference as if fully set forth herein ) , which ( e.g. , the mean value of the local DEM , ( DEM ) ) is used to 
is a subclass of ANNs . threshold the local DEM in order to obtain the geo - refer 
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enced shapes . Then these are , e.g. , counted more gener Computer readable program instructions for carrying out 
ally , statistics is applied on them . Then the threshold A is operations of the present invention may be assembler 
varied based on some optimization rule , e.g. , “ maximize the instructions , instruction - set - architecture ( ISA ) instructions , 
number of contours ” , cf. diagram 314. When this iterative machine instructions , machine dependent instructions , 
process converged the method ends up with a 4 , that is 5 microcode , firmware instructions , state - setting data , or 
eventually used to create geo - referenced shapes , and from either source code or object code written in any combination 
that MBBs which are used for machine learning training . of one or more programming languages , including an object 
MBBs are derived from the geo - referenced shapes ( see oriented programming language such as Smalltalk , C ++ or 

step 918 ) and used to normalize the local DEM ( see step the like , and conventional procedural programming lan 
920 ) . The normalized DEM is then fed into a big geo - spatial 10 guages , such as the “ C ” programming language or similar 
data technology like IBM PAIRS technology employing programming languages . The computer readable program 

instructions may execute entirely on the user's computer , Spark SQL ( see step 922 ) and used to train an ensemble of partly on the user's computer , as a stand - alone software deep learning classifiers ( see step 924 ) . Domain knowledge package , partly on the user's computer and partly on a from subject matter experts is fed into this supervised 15 remote computer or entirely on the remote computer or learning procedure . For instance , subject matter expert server . In the latter scenario , the remote computer may be 
annotations can be provided regarding human artifacts , connected to the user's computer through any type of 
buildings , power utility infrastructure , etc. See step 926. For network , including a local area network ( LAN ) or a wide 
inference in unknown terrain ( see step 928 ) , the trained area network ( WAN ) , or the connection may be made to an 
classifiers are used to perform automated geo - spatial object 20 external computer ( for example , through the Internet using 
detection , e.g. , for predicting artifacts ( see step 930 ) , map an Internet Service Provider ) . In some embodiments , elec 
generation ( see step 932 ) , etc. tronic circuitry including , for example , programmable logic 

The present invention may be a system , a method , and / or circuitry , field - programmable gate arrays ( FPGA ) , or pro 
a computer program product . The computer program prod grammable logic arrays ( PLA ) may execute the computer 
uct may include a computer readable storage medium ( or 25 readable program instructions by utilizing state information 
media ) having computer readable program instructions of the computer readable program instructions to personalize 
thereon for causing a processor to carry out aspects of the the electronic circuitry , in order to perform aspects of the 
present invention . present invention . 

The computer readable storage medium can be a tangible Aspects of the present invention are described herein with 
device that can retain and store instructions for use by an 30 reference to flowchart illustrations and / or block diagrams of 
instruction execution device . The computer readable storage methods , apparatus ( systems ) , and computer program prod 
medium may be , for example , but is not limited to , an ucts according to embodiments of the invention . It will be 
electronic storage vice , a magnetic storage vice , an understood that each block of the flowchart illustrations 
optical storage device , an electromagnetic storage device , a and / or block diagrams , and combinations of blocks in the 
semiconductor storage device , or any suitable combination 35 flowchart illustrations and / or block diagrams , can be imple 
of the foregoing . A non - exhaustive list of more specific mented by computer readable program instructions . 
examples of the computer readable storage medium includes These computer readable program instructions may be 
the following : a portable computer diskette , a hard disk , a provided to a processor of a general purpose computer , 
random access memory ( RAM ) , a read - only memory special purpose computer , or other programmable data pro 
( ROM ) , an erasable programmable read - only memory 40 cessing apparatus to produce a machine , such that the 
( EPROM or Flash memory ) , a static random access memory instructions , which execute via the processor of the com 
( SRAM ) , a portable compact disc read - only memory ( CD puter or other programmable data processing apparatus , 
ROM ) , a digital versatile disk ( DVD ) , a memory stick , a create means for implementing the functions / acts specified 
floppy disk , a mechanically encoded device such as punch in the flowchart and / or block diagram block or blocks . These 
cards or raised structures in a groove having instructions 45 computer readable program instructions may also be stored 
recorded thereon , and any suitable combination of the fore in a computer readable storage medium that can direct a 
going . A computer readable storage medium , as used herein , computer , a programmable data processing apparatus , and / 
is not to be construed as being transitory signals per se , such or other devices to function in a particular manner , such that 
as radio waves or other freely propagating electromagnetic the computer readable storage medium having instructions 
waves , electromagnetic waves propagating through a wave- 50 stored therein comprises an article of manufacture including 
guide or other transmission media ( e.g. , light pulses passing instructions which implement aspects of the function / act 
through a fiber - optic cable ) , or electrical signals transmitted specified in the flowchart and / or block diagram block or 
through a wire . blocks . 

Computer readable program instructions described herein The computer readable program instructions may also be 
can be downloaded to respective computing / processing 55 loaded onto a computer , other programmable data process 
devices from a computer readable storage medium or to an ing apparatus , or other device to cause a series of operational 
external computer or external storage device via a network , steps to be performed on the computer , other programmable 
for example , the Internet , a local area network , a wide area apparatus or other device to produce a computer imple 
network and / or a wireless network . The network may com mented process , such that the instructions which execute on 
prise copper transmission cables , optical transmission fibers , 60 the computer , other programmable apparatus , or other 
wireless transmission , routers , firewalls , switches , gateway device implement the functions / acts specified in the flow 
computers and / or edge servers . A network adapter card or chart and / or block diagram block or blocks . 
network interface in each computing / processing device The flowchart and block diagrams in the Figures illustrate 
receives computer readable program instructions from the the architecture , functionality , and operation of possible 
network and forwards the computer readable program 65 implementations of systems , methods , and computer pro 
instructions for storage in a computer readable storage gram products according to various embodiments of the 
medium within the respective computing / processing device . present invention . In this regard , each block in the flowchart 
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or block diagrams may represent a module , segment , or generating geo - referenced shapes by automatically 
portion of instructions , which comprises one or more thresholding the local DEM ; 
executable instructions for implementing the specified logi cropping the local DEM using minimum bounding boxes 
cal function ( s ) . In some alternative implementations , the derived from the geo - referenced shapes and manual 
functions noted in the block may occur out of the order noted 5 annotations from subject matter experts to create a 
in the figures . For example , two blocks shown in succession cropped DEM ; and 
may , in fact , be executed substantially concurrently , or the linking geo - spatially tagged labels from the subject matter 
blocks may sometimes be executed in the reverse order , experts to the cropped DEM . 
depending upon the functionality involved . It will also be 2. The method of claim 1 , wherein the 3D point cloud data 
noted that each block of the block diagrams and / or flowchart 10 is obtained using LiDAR ( light detection and ranging ) 
illustration , and combinations of blocks in the block dia imaging from surveying at least one geographic area . 
grams and / or flowchart illustration , can be implemented by 3. The method of claim 1 , wherein the step of generating 
special purpose hardware - based systems that perform the the DEM comprises the step of : 
specified functions or acts or carry out combinations of classifying the 3D point cloud data into i ) bare ground and 
special purpose hardware and computer instructions . ii ) above bare ground . 

Turning now to FIG . 10 , a block diagram is shown of an 4. The method of claim wherein the 3D point cloud data 
apparatus 1000 for implementing one or more of the meth comprises multiple returns , and wherein measurements from 
odologies presented herein . For instance , apparatus 1000 can a last return are considered to be originating from ground 
be configured to implement one or more of the steps of structures . 
methodology 100 of FIG . 1 and / or methodology 800 of FIG . 20 5. The method of claim 4 , further comprising the step of : 
8 . converting the measurements from the last return to a 

Apparatus 1000 includes a computer system 1010 and regular grid . 
removable media 1050. Computer system 1010 includes a 6. The method of claim 1 , wherein the step of decom 
processor device 1020 , a network interface 1025 , a memory posing the DEM into the local and global fluctuations 
1030 , a media interface 1035 and an optional display 1040. 25 comprises the step of : 
Network interface 1025 allows computer system 1010 to subtracting a mean of a neighborhood patch from each 
connect to a network , while media interface 1035 allows grid point on the DEM . 
computer system 1010 to interact with media , such as a hard 7. The method of claim 1 , wherein the local DEM is 
drive or removable media 1050 . cropped based on overlap between the MBBs and the MAs . 

Processor device 1020 can be configured to implement the 30 8. The method of claim 1 , further comprising the step of : 
methods , steps , and functions disclosed herein . The memory using the cropped DEM to train a machine learning 
1030 could be distributed or local and the processor device process to identify objects of interest . 
1020 could be distributed or singular . The memory 1030 9. The method of claim 8 , further comprising the step of : 
could be implemented as an electrical , magnetic or optical using the machine learning process that has been trained 
memory , or any combination of these or other types of 35 to identify the objects of interest in 3D point cloud data 
storage devices . Moreover , the term “ memory ” should be from an unknown terrain . 
construed broadly enough to encompass any information 10. A computer program product for rasterizing 3D point 
able to be read from , or written to , an address in the cloud data , the computer program product comprising a 
addressable space accessed by processor device 1020. With computer readable storage medium having program instruc 
this definition , information on a network , accessible through 40 tions embodied therewith , the program instructions executed 
network interface 1025 , is still within memory 1030 because by a computer to cause the computer to : 
the processor device 1020 can retrieve the information from obtain the 3D point cloud data ; 
the network . It should be noted that each distributed pro generate a DEM from the 3D point cloud data ; 
cessor that makes up processor device 1020 generally con decompose the DEM into local and global fluctuations 
tains its own addressable memory space . It should also be 45 using a Fourier transform to obtain a local DEM by 
noted that some or all of computer system 1010 can be applying a high pass filter to the Fourier transform ; 
incorporated into an application - specific or general - use inte generate geo - referenced shapes by automatically thresh 
grated circuit . olding the local DEM ; 

Optional display 1040 is any type of display suitable for crop the local DEM using minimum bounding boxes 
interacting with a human user of apparatus 1000. Generally , 50 derived from the geo - referenced shapes and manual 
display 1040 is a computer monitor or other similar display . annotations from subject matter experts to create a 

Although illustrative embodiments of the present inven cropped DEM ; and 
tion have been described herein , it is to be understood that link geo - spatially tagged labels from the subject matter 
the invention is not limited to those precise embodiments , experts to the cropped DEM . 
and that various other changes and modifications may be 55 11. The computer program product of claim 10 , wherein 
made by one skilled in the art without departing from the the 3D point cloud data is obtained using LiDAR ( light 
scope of the invention . detection and ranging ) imaging from surveying at least one 

geographic area . 
What is claimed is : 12. The computer program product of claim 10 , wherein 
1. A method for rasterizing three - dimensional ( 3D ) point 60 the program instructions when executed by the computer to 

cloud data , the method comprising the steps of : generate the DEM further cause the computer to : 
obtaining the 3D point cloud data ; classify the 3D point cloud data into i ) bare ground and ii ) 
generating a digital elevation model ( DEM ) from the 3D above bare ground . 

point cloud data ; 13. The computer program product of claim 10 , wherein 
decomposing the DEM into local and global fluctuations 65 the 3D point cloud data comprises multiple returns , and 

using a Fourier transform to obtain a local DEM by wherein measurements from a last return are considered to 
applying a high pass filter to the Fourier transform ; be originating from ground structures . 
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14. The computer program product of claim 13 , wherein 

the program instructions further cause the computer to : 
convert the measurements from the last return to a regular 

grid . 
15. The computer program product of claim 10 , wherein 5 

the program instructions when executed by the computer to 
decompose the DEM into the local and global fluctuations 
further cause the computer to : 

subtract a mean of a neighborhood patch from each grid 
point on the DEM . 

16. The computer program product of claim 10 , wherein 
the program instructions further cause the computer to : 

use the cropped DEM to train a machine learning process 
to identify objects of interest ; and 

use the trained machine learning process that has been 15 
trained to identify the objects of interest in 3D point 
cloud data from an unknown terrain . 
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